The statistical properties of oligonucleotide appearances within long DNA sequences often reveal useful characteristics of the corresponding DNA areas. Two algorithms to statistically analyze oligonucleotide appearances within long DNA sequences in genome banks are presented. The first algorithm determines statistical indices for arbitrary length oligonucleotides within arbitrary length DNA sequences. The critical exponent µ of the distance distribution between consecutive occurrences of the same oligonucleotide is calculated and its value is shown to characterize the functionality of the oligonucleotide. The second algorithm searches for areas with variable homogeneity, based on the density of oligonucleotides. The two algorithms have been applied to representative eucaryotes ( the animal Mus musculus and the plant Arabidopsis thaliana) and interesting results were obtained, confirmed by biological observations. All programs are open source and publicly available on our web site.
Introduction
During the last few years new revolutionary experimental methods in molecular biology have been discovered. It is now possible to sequence DNA macromolecules with increased speed and accuracy. This has resulted in an explosive growth of the amount of biological data being stored in biological databases (such as [27, 6] ). We now have complete genomic sequences, even for organisms such as human (Homo sapiens) and mouse (Mus musculus) with extensive genomes.
It is anticipated that, at today's rates, the amount of data inserted into biological databases will double every 18 months. It is clear that this tremendous amount of data is of no value, unless there exist tools for effectively searching and manipulating it. For this reason various biological packages have been developed, such as BLAST [3, 37] , FASTA [23, 33] , CLUSTAL [12, 34] , while other numerical approaches and algorithms are presented in [24, 10, 4, 5, 18, 9, 28, 14, 13, 15, 2, 8, 26, 1] .
Most of the problems addressed by these packages deal with finding specific patterns in DNA or protein sequences, searching for similarities between known sequences, querying biological databases for similar sequences given an unknown one, developing algorithms which try to reconstruct the 3D structure of a given macromolecule, producing tools to automatically distinguish functional areas (like coding/non-coding regions in DNA or topology prediction for proteins), calculating various statistical and mathematical parameters etc. Despite the increasing number of available tools, the problem of categorizing oligonucleotides based on their statistical properties is still open. We propose two algorithms which deal with small DNA sequences and their distribution across the whole chromosome, in order to be able to categorize these sequences or DNA areas only from their statistical properties and not by laboratory biological findings.
Let us first formalize the representation of the DNA sequences used in this work. Genomic DNA sequences consist of the four nucleic acids; Adenine, Cytosine, Guanine and Thymine:
although in other genomic macromolecules other bases are found as well (e.g. Uracil -U in RNA). Inside the biological DNA databases only the above four bases are stored. Thus, a DNA Sequence of length n can be described as:
Inside the cell, there is usually more than one long DNA sequence. Each one of these sequences is called a Chromosome, it is independent of the others and usually includes different genomic information 1 . Again, a chromosome can be represented as where c would be in the range of a couple of thousand (for simpler organisms) to hundreds of millions (for more complex organisms). If the size of the DNA sequence is small, then this is called Oligonucleotide:
where m << c
Although the main operation of the DNA is to code for proteins, it is known that, in higher eucaryotic organisms, only a small percentage of the DNA is translated, in order to produce proteins. These areas are called coding areas. The rest of the DNA has more structural than functional role and such areas are called non-coding areas. In order for the coding areas to be distinguishable by the enzyme which promotes the transcription 2 , usually in the beginning of the coding regions there is a special DNA sequence called the promoter. Promoters usually have a length in the order of hundreds of bases. Between two successive appearances of the promoter there are at least one coding and one non coding sequence. Inside each promoter there are small oligonucleotides of length m = 2..10, which are steadily present, called consensus sequences. Known consensus sequences in eucaryotes are, among others, the CG and the TATA sequences.
In a recent work, the distance distribution between two consecutive appearances of a given oligonucleotide has been calculated [16] . The investigation has been performed on human chromosomes 21 and 22 for oligonucleotides of length m = 5 and m = 6. It has been found that the oligonucleotides that contain consensus sequences of promoters follow long tailed distributions
where S is the distance between two consecutive occurrences of the same oligonucleotide sequence, P (S) is the distribution of S and µ is called the power law or critical exponent. In contrast, randomly generated oligonucleotides follow short tailed distributions.
Encouraged by this finding, we decided to generalize the process; we created two algorithms, the Oligonucleotide Process Algorithm (OPA) and the Statistical Homogeneity Map (SHMap) algorithm. The former one (OPA) calculates statistical indices of oligonucleotide distributions in long DNA sequences. Representative indices are the frequency of appearance, the maximum distance, the average distance, the distance deviation between two occurrences of the same oligonucleotide and the power law exponent µ. The values of these indices are shown to be associated with the degree of functionality of the corresponding oligonucleotide indicating whether the particular oligonucleotide sequence serves as promoter signature for this organism. The latter (SHMap) algorithm maps areas in the DNA sequence which lack homogeneity, providing information about the characteristics of the underlying DNA sequence and possibly predicting its functionality.
Each one of these algorithms is applied to chromosomal data (DNA sequences with c at least 10
3 ) and statistically manipulates these long sequences. A general interface has been developed which is able to input a DNA sequence in either plain text format, without any special coding, or in NCBI's FASTA (FNA) format [23] . All the code that resulted from this work are publicly available under an open source licence (GNU GPL) through our web site [32] .
In the next two sections we describe the OPA and the SHMap algorithms respectively. In section 4 we discuss the applications of the two algorithms and the external tools required. In section 5 we present interesting results from the application of our algorithms to real biological data. Finally in section 6 we discuss the results, address some open problems and propose future extensions.
Oligonucleotide Processing Algorithm (OPA)
Our aim here was to examine the statistical properties of oligonucleotides within a given chromosome (sequence). To this end our algorithm aims to distinguish oligonucleotides with special statistical properties. It is then extremely useful to compare these results with experimentally determined oligonucleotides with distinct biological function.
The main points of focus are the following:
• Distance Distribution of two consecutive appearances of the same Oligonucleotide Sequence DDOS inside a give chromosome
• Determination of the power law exponent µ for each oligonucleotide
• Ordering of the results on any statistical parameter calculated above and checking whether the ranking of oligonucleotides has functional meaning or if there is any type of possible clustering between the oligonucleotides
In order to calculate the statistical properties of the oligonucleotides, pattern matching in DNA sequences is needed. Apart from the four symbols which represent the four nucleic acid bases (A, T, C and G), more symbols exist in DNA databases, which are used to describe bases whose composition is not fully sequenced. In the following algorithms we have used a generic approach, where all these symbols are taken into account [20, 21, 22] . Table 1 gives the truth matrix we constructed to decide whether two bases match.
To calculate the power law exponent µ we have followed two approaches, depending on the method being used. The first approach relies on the observation that the DDOS for almost every oligonucleotide has a central linear part in double logarithmic scale, usually found between fixed boundaries for a given chromosome. Using this information it is possible to distinguish oligonucleotides depending on their DDOS and their critical exponent µ, which is the slope of this linear part (Equation 5). The algorithm variant used is the following: The least squares algorithm [25] has been used for the line fitting. The results are ordered by the desired statistical parameter, and the oligonucleotides which appear to have extreme values are exposed. For example, if the critical exponent µ is used for sorting, oligonucleotides with small values of |µ| (follow long range distributions) are expected to include consensus sequences, whereas oligonucleotides with large values of |µ|, (follow short range distributions) have no clear biological meaning. Interestingly, this ordering is in general robust, for all statistical properties considered.
The second approach uses a general curve in order to fit the produced DDOS, taking into account the whole histogram. We have selected a curve with an exponential and a polynomial part, in order to be able to describe both power law (long tails) and exponential (short tail) behavior of the distribution:
This expression contains three independent parameters: A being a normalization parameter, j being an intermediate scale and k being a large scale parameter. The parameter j corresponds to the critical exponent µ presented above. The curve fitting algorithm which was used is a combined Levenberg- This approach presents new views over the possible classification of the oligonucleotides. By appropriately mapping the various parameters, clustering of oligonucleotides may appear, when statistically meaningful queries are posed. In order to evaluate the produced results, we have taken into account only the j and k parameters, since these describe the statistical behavior of the result. As can be seen in section 5.2, two clearly distinct areas are visible and this observation is robust in both chromosomes we have chosen.
We would like to note that the sequences which are found with this algorithm do not appear solely inside the promoters, but can also be seen elsewhere in the DNA, like inside exons, and thus do not appear exclusively at the beginning of genes. Since this algorithm calculates statistical indices which refer mostly to the tails of the size distribution of these sequences, at least the consensus sequences of the promoters which have large interdistances (i.e. separate mostly intergenic regions) correspond to promoter sequences.
Statistical Homogeneity Map (SHMap)
The algorithms presented above give statistical information on various oligonucleotide combinations. It is also useful to be able to map areas inside the chromosome according to their statistical behavior. We thus consider another biological observation; the lack of homogeneity within eucaryotic chromosomes. Each eucaryotic chromosome consists of areas with different composition. Some areas can be described as "random" from the statistical point of view, whereas other areas have more "stable" consistency [26] .
The algorithm proposed here marks areas of the chromosome according to their "randomness". As a base measure we employ all possible oligonucleotides of length m. We distinguish the areas which are rich in different oligonucleotides, and those which consist of only a few oligonucleotides. The algorithm is as follows: The result of this algorithm is a data file, with the same size as the input DNA sequence; there is a one-to-one correspondence between chromosome bases and values within this file (Figure 1 ). The complexity of this algorithm is O(4 m * c * m), since, for each one of the 4 m oligonucleotides, the start of each new search is the end of the previous one (where the oligonucleotide was last found). In the end the entire genome c is traversed once.
The biological meaning of values within this file is as follows:
• a lower value implies that the distances between oligonucleotides in this area are generally smaller than the given threshold. Having short distances means that the possibility of finding any given combination, starting from any position inside this area is high, or in other words, that most combinations are present and mixed in this area. Since this kind of behavior resembles "random" distribution, it is also expected that these areas include mostly coding DNA sequences.
• a higher value implies long distances between oligonucleotides (above the given threshold). Having long distances means that it is less probable to find the next occurrence of a certain oligonucleotide inside this area.
Since we do not consider extensive DNA gaps in this implementation of the algorithm, but there is a contiguous coverage of bases, the reason for the long distances is the over-representation of few specific oligonucleotide combinations in this area, forcing the remaining majority of the oligonucleotides to be under-represented. This behavior is common in non-coding DNA sequences, where the presence of structures like poly-A (long sequences consisting only of adenine) are common.
The choice of the threshold is important, as it distinguishes whether the distance between two occurrences of an oligonucleotide is statistically insignificant or not. As c is the length of the DNA sequence and m is the size of the oligonucleotides, then the number of m-sized oligonucleotides inside c are c − m + 1. Since the number of possible oligonucleotides is 4 m , the expected number of appearances of each oligonucleotide within a random DNA sequence of size c is c−m+1 4 m . The average distance between two consecutive appearances of a specific oligonucleotide is expected to be
In this study the threshold was set to 4 m+d , where d is used to bring the threshold well above the random probability of appearance (4 m ). Using this algorithm it is possible to distinguish areas which are rich in oligonucleotide combinations (lower value) from those which are poorer (higher values). Since the coding regions appear to be richer in oligonucleotide combinations, we expect them to be inside the areas with the lower values. A visualized result of this algorithm is presented in section 5.3 ( Figure 2 ). Since this approach is statistical and not biochemical, there is less accuracy in the positioning of the exons and introns. It can be used as a tool to point to DNA areas which need to be further investigated by traditional biochemical methods.
Implementation
An integrated application under an open source licence (GNU GPL) implements the above algorithms. It is console-based, although some components (such as the display of various plots) produce graphical output. Our development environment was a Linux single processor (Intel) system. We used the ANSI C++ language under the GNU G++ compiler in order for the source code to be portable [29] . We have also tested it under Windows 98 and Windows XP environments using cygwin/mingw32 tools. Other tools used include the BASH shell [35] to manage and sort the results, the GNUPLOT utility [36] to graphically present the results and the GRACE application [31] to perform the curve fitting over the data.
Depending on the amount of computation and the plan of work, it can be used in either interactive or batch mode.
Interactive
This mode is the default. The user is able to interactively perform various exploratory statistical tests in real time. Typically a single oligonucleotide is tested at a time. The input DNA sequence is either in plain text or in FNA format. A search pattern is specified and statistical information is displayed in real time, such as frequency of appearance, maximum and average distance, distance deviation and the critical exponent µ. It is also possible to calculate simple or cumulative distributions and to graphically display a plot of distances for the given oligonucleotide combination or the DDOS together with the calculated slope.
Batch
This mode is useful for collecting statistical data on multiple oligonucleotides. The algorithms described in the previous sections are implemented in batch mode. Both the OPA (with line or curve fitting) and the SHMap algorithm can be executed on data provided by the user at run time. For the visual display of the clustering of oligonucleotides, the sequences can be split according to a regular expression (RegExp [7] ), as shown in Figures 3 and 4 . The computational cost of each algorithm on a Pentium 4 PC (2,5GHz) for quintuplet processing on Chromosome 19 of Mus musculus (about 60 Mbases) was of the order of 1 hour.
In addition to the presented algorithms, a few extra facilities are also available. It is possible to calculate all histograms for an oligonucleotide string of a specified length and store the results in a single file. The scales of the histograms are not normalized (top part of Figure 5) . A 2D matrix is created whose horizontal dimension contains the size distribution values and the vertical dimension indexes the oligonucleotide. It is also possible to calculate all histograms in normalized scales (bottom part of Figure 5 ). This is useful for comparing the shape of the histograms for different oligonucleotides.
Application to biological data
To test the usability and effectiveness of the proposed algorithms, we performed tests on biological data. Fully sequenced chromosomes from the NCBI genome bank were obtained [30] . The organisms which were used are the animal Mus musculus (mouse) and the plant Arabidopsis thaliana.
Long range distribution of oligonucleotides
In this study, reference chromosomes 1, 15 and 19 of Mus musculus and chromosomes 1, 2 and 3 of Arabidopsis thaliana from the NCBI database were tested. The line fitting variation of the OPA algorithm was employed to calculate the critical exponent. The linear regions taken into account were in the range 2−6 of the P (S) in double logarithmic scale. Quadruplets (oligonucleotides of m = 4) and quintuplets (oligonucleotides of m = 5) were considered. The oligonucleotides were sorted according to the value of their critical exponent µ and the combinations with the lowest and the highest values of µ are presented here. An example of the produced output can be seen in Table 2 .
In all tested chromosomes of Mus musculus it can be seen that in general the quintuplets with the smallest absolute value of µ are those which contain the sequence CG twice. Various combinations of this basic pattern appear to belong to this group, such as TCGCG and CGCGA (which are complementary), CGCGT and ACGCG (complementary), CGTCG and CGACG (complementary) and a few others. Following the same pattern, the quadruplet with the smallest absolute value of µ is the one with the double CG sequence, namely the CGCG. The oligonucleotides with the highest value of |µ| do not appear to have any specific pattern. We note here that the complex CG is a consensus sequence of the RNA polymerase II promoter in some organisms. The OPA algorithm, without any input about promoter structure, solely based on distance distribution between various oligonucleotides has sorted out all the oligonucleotides which contain the signature of the promoter of the polymerase.
In Arabidopsis th. the situation is more complicated. In chromosome 1 the quadruplet with the smallest value of |µ| is the TATA, which is different to the one found for Mus m. In quintuplets we have a similar situation. The sequences with the smallest value of |µ| are those which have the TATA sequence or point mutations of it. Sequences with large values of |µ| do not appear to follow any special pattern, although some of the oligonucleotides appear to have A and T, but with different ordering than the one described above.
In chromosomes 2 and 3 the quadruplets with the smallest value of |µ| are the CGCG and GCGC sequences. The results are similar for quintuplets; sequences with the smallest value of |µ| appear to contain the CG sequence twice. These sequences are CGCGC, GCGCG and point mutations of them, rich in cytosine and guanine. Although at first sight the results appear to contradict (since in both organisms it is the same enzyme which promotes the production of mRNA) they can easily be explained in biological terms. It has been found that in mammals and other higher organisms, the consensus sequence of the promoter includes the CG sequence. However in Arabidopsis th. the TATA oligonucleotide is an important consensus sequence, in addition to CG. Our algorithms confirm this biological particularity.
From our current and previous studies we have seen that the sequences which follow long-range distributions were found to correspond to consensus sequences of DNA promoters. Thus at this stage the OPA algorithm might be used to predict possible consensus promoter sequences in long DNA sequences.
Clustering of oligonucleotides
In this test we perform curve fitting over the DDOS. We have used the SHMap algorithm over chromosomes 18 and 19 of Mus musculus and taken into account quintuplets and hexaplets (m = 5 and m = 6 respectively). The results can be seen in Figures 3 and 4 . Each scatter plot depicts the two main parameters −1 − j and −k. Every plotted symbol corresponds to a single oligonucleotide. We have divided the 4 m oligonucleotides in two sets, the first set α (marker X) consists exclusively of oligonucleotides which include the CG sequence, and the second set β (marker O) contains all other oligonucleotides.
The result is rather amazing. Two clearly separated clusters are visible in every plot, one consisting solely of oligonucleotides belonging to set α on the right part of the graph, and the other consisting solely of oligonucleotides belonging to set β, on the left part. The existence of the CG sequence is the characteristic differentiator of these clusters; CG is known to be a consensus sequence of the promoter for this organism. This clustering is more prominent in mammals and is less evident in plants and lower eucaryotes.
SHMap
We have used SHMap to calculate the statistical homogeneity map of chromosome 1 of Mus musculus. An example output of the algorithm can be seen in Figure 2 using oligonucleotides of size m = 5. In this example we have focused on the NT 039170 area of this chromosome. Since the whole data sequence is of the order of 10 7 , only a specific region is shown in the example (namely bases 11730700 − 11813700). The threshold being used is 4 m+d = 4 5+2 = 16384. This area corresponds to the Dst gene, which produces the dystonin protein.
The diagram shows some peaks and some valleys. The peaks characterize low diversity for the underlying DNA sequence and in this example correspond to non-translated areas. The deeper valleys are found to correspond to areas of the gene rich in exons, which means that they are part of the coding regions of this DNA sequence. The algorithm thus has predictive power in nonannotated sequences. It would be interesting to further investigate this behavior and compare it against biological data regarding the functionality of the given chromosomal areas.
At this point we should note that in chromosomes which are not fully sequenced, an artifact may appear. If the DNA sequences have areas of unknown base consistency (e.g. having the symbol N), the unknown bases will not match with any given sequence and will produce false high peaks.
Conclusions and open problems
We present a set of algorithms for the statistical analysis of DNA data. Interestingly the use of our algorithms over laboratory biological data revealed a specific behavior related to functionality. Although the approach was completely based on mathematical terms, the sequences which stand out are those which have specific biological meaning (e.g. consensus sequences of promoters). This is important, not only because it is a different kind of proof for the special function of these sequences, but also because they could be used on organisms for which we have the DNA sequence but do not know much about the functionality of their genome.
We would like to note that in this analysis we do not presume the existence of promoters. We have focused only on calculating statistics of long DNA sequences and estimating the size distribution between oligonucleotides. It is true that there can be more than one promoter consensus sequence even for the same RNA polymerase. This situation is depicted in Arabidopsis th. where both TATA and CG sequences appear. However since the treatment is statistical, only the prominent promoter consensus sequences dominate. Sequences which appear sporadically do not contribute significantly to statistics and thus may not appear in the top places of the results.
We have to stress that apart from the requirement of long DNA sequences, our algorithms are neither organism nor data specific. They can equally be applied to eucaryotes or procaryotes, 'higher' or 'lower' organisms. It is expected that the results will vary according to the selection of organism, since each organism might have different enzymes and biological pathways. The main principles of the algorithms will remain, only the biological interpretation of the data will change.
OPA algorithm seems to distinguish the promoter consensus sequences from other oligonucleotides, since these sequences appear to have the smallest absolute value of µ. It may be possible to use this algorithm in order to predict possible promoter consensus sequences in unknown long DNA sequences. In the current work we have focused on making statistical tools which can be used to analyze any sequence in the statistical sense of searching for oligonucleotides.
Although it would be possible to modify these algorithms in order to ignore consecutive repeats of oligonucleotides, the statistics will change. The repeats are an important element in the structure of intergenic regions and in non-coding DNA sequences and they have been produced by evolutionary forces. For this reason they drastically contribute to the statistics of the tails of the sequences and they induce long range properties.
Finally it would be interesting to extend our system so as to be able to zoom in various levels on the map and display specific DNA ranges. It is also important to tag these DNA areas with information such as which known genes are inside this area or which parts consist mainly of exons or introns. An implementation under the GRID [11] would allow the separation of logically distinct parts of our system (data banks, processing, display) and speed up the batch mode through distributed processing.
The algorithms developed can be downloaded and tested from our website [32] under an open source licence (GNU GPL). The DNA base matching matrix of two nucleic acid symbols. The symbols in the vertical axis represent the bases found inside the DNA sequence being searched and the symbols in the horizontal axis represent the bases found in the search pattern ('1'=match, '0'=no match). We note that most of these symbols match with more than one symbol. The generic symbols match the more specific ones only when the former appear in the search pattern, not inside the long DNA sequence. The representation of each symbol is as follows: G for Guanine, A for Adenine, T for Thymine, C for Cytosine, R for G or A (puRine), Y for T or C (pYrimidine), M for A or C (aMino), K for G or T (Keto), S for G or C, W for A or T, H for A or C or T, B for G or T or C, V for G or C or A, D for G or A or T, and N for G or A or T or C. [20, 21, 22] . 
